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Abstract

How can the Ethics of Care (EoC) inform the development and value alignment
of large language models (LLMs)? This paper proposes to investigate how a
Care ethics framework emphasizing relationality, attention to particularities, and
contextual moral reasoning, can reshape existing approaches to aligning LLMs
with human values. Mainstream Al alignment often draws on deontological or
utilitarian principles, yet these frameworks can overlook the situated, affective, and
power-sensitive aspects of moral life that Care ethics foregrounds. In this paper we
present two arguments for integrating EoC into LLM development practices. First,
we argue that LLMs often rely on overly generalized reasoning, which contributes
to various down-stream harms, including issues of bias. Second, we critique
methods like RLHF and RLAIF for embedding narrow normative assumptions
that neglect emotional and relational dimensions of human values. We argue that
adapting LLM fine-tuning or alignment practices to incorporate Ethics of Care
considerations may help address these issues, potentially laying the groundwork
for better forms of LLM generalization and providing a pathway for more context
sensitive alignment of LLMs in care-relevant areas such as mental health, education,
and social services.

1 Background and Introduction

1.1 Introduction

In this paper, we explore how a care ethics framework that emphasizes relationality, attention to
particularities, and contextual moral reasoning can reshape the way we approach aligning LLMs with
human values. While mainstream Al alignment methods often draw from utilitarian or deontolog-
ical principles, these frameworks frequently overlook the situated, affective, and power-sensitive
dimensions of moral life that EoC brings to the foreground. We argue that integrating care ethics
into the design and value alignment (VA) processes of LLMs offers a richer and more contextually
grounded normative foundation for generative Al systems. To support this claim, we develop two
main arguments. In the first argument, we examine the problem of generalization in LLMs and argue
that these models often fail to respond appropriately to individual needs and social contexts because
they apply overly generalized patterns of reasoning. This failure makes them ethically inadequate in
emotionally sensitive domains. In the second argument, we critique the current normative commit-
ments embedded in popular VA methods such as Reinforcement Learning from Human Feedback
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(RLHF) and Reinforcement Learning from Al Feedback (RLAIF). These approaches largely reflect
utilitarian and justice-based theories, which tend to abstract away from relational and emotional
dimensions of moral experience. We argue that these methods are structurally limited and that EoC
may offer a more appropriate framework for some care-relevant domains such as mental health,
education, and social services.

1.2 Introducing the Ethics of Care

The ethics of care, rooted in feminist moral philosophy, contrasts sharply with justice-based theories
that have historically dominated Western culture by focusing on moral responsiveness and the lived
realities of interdependence. Carol Gilligan Gilligan|[[1993] introduced EoC as a critique of Lawrence
Kohlberg’s (1981) justice-centered model of moral development, which prioritized rights and rule-
based reasoning [Gilligan, |1993]]. Gilligan demonstrated that this model, based largely on research
with male subjects, overlooked care-based reasoning more commonly expressed by women, and
mischaracterized it as morally immature. She argued instead that care and empathy represent a
distinct and equally valid moral choice. This insight laid the groundwork for further contributions
by Nel Noddings Noddings|[[1984]], Virginia Held [Held| [2005b]], and Joan Tronto [Tronto| [[1998], all
of whom emphasized the ethical significance of attentiveness, responsiveness, and the contextual
nature of human relationships. Unlike frameworks grounded in impartiality and universality, EoC
focuses on particular needs and vulnerabilities, making it particularly well-suited for LLMs deployed
in domains and contexts where providing care is a fundamental aspect of the interaction, such as
mental health support.

Some scholars have already called for integrating EoC into Al ethics. For example, |Cohn| [2020]]
proposes care ethics as a human-centered framework for Al development, critiquing efficiency-
driven models that ignore vulnerability and social inequality [Cohn, 2020]. He argues that care
should be habitual and grounded in relational understanding. However, his proposal lacks concrete
implementation strategies, and is framed with respect to Al development generally, not LLMs
specifically. More recently, |Villegas-Galaviz and Martin| [2024]] warn that the increasing use of Al
in decision-making is creating new forms of moral distance. They distinguish between proximity
distance, caused by the removal of face-to-face interaction, and bureaucratic distance, arising from
hierarchical structures and abstraction [[Villegas-Galaviz and Martin}2024]. These forms of distancing,
they argue, result in ethical neglect. They argue for care ethics as a potential remedy, but they do not
provide a roadmap for operationalizing it in LLM development or alignment.

Addressing this gap, we argue that EoC holds immense potential for addressing the moral limitations
of current Al systems. Its emphasis on empathy, moral attentiveness, and responsiveness provides a
much-needed corrective to dominant utility-maximizing approaches, especially in applications like
mental health support or eldercare [Cohnl 2020, |Villegas-Galaviz and Martin, [2024]]. By resisting
abstraction and centering relationality, EoC challenges the moral distancing introduced by automation
and algorithmic decision-making [|Gilligan) [1993| [Held, [2005a]. Its compatibility with non-Western
ethical traditions such as Ubuntu, “I am because we are”, also makes it a powerful decolonial
alternative to dominant Al ethics frameworks [Amugongo et al.||2023]]. Although care ethics presents
challenges for Al implementation. Its contextual and relational nature resists formalization and
scalability [Weinberger, 2024] and its lack of procedural structure may hinder transparency and
consistency in automated systems [Gabriel, 2020, |Gabriel and Ghazavil 2021]]. These features may
complicate the direct translation of care principles into algorithmic specifications for Large Language
Models. However, they are not reasons to exclude care ethics but to adapt our design and alignment
strategies to accommodate its insights. Through our two arguments, one from the dissonance of
LLM’s generalizations and another from the shortcomings of current normative frameworks, we aim
to show why EoC is not only a relevant but necessary ethical foundation for the future of responsible
LLMs’ development.

2 Arguments for the integration of Ethics of Care in LLLMs development

An argument from the dissonance of LLM generalizations Feed-forward Neural Networks
(FFNNss) are known to be universal function approximators capable of generalizing to new instances
within the bounds of their training data. This theoretical capacity was established early on through
work in Statistical Learning Theory and the development of back-propagation algorithms [[Plaut et al.;



1986, Rumelhart et al., |1985| [Vapnikl 2000]. However, a critical limitation arises when considering
the real-world deployment of FFNNSs, particularly in the context of Large Language Models. While
the mathematical theories accurately predict performance degradation on data significantly deviating
from the training distribution, the core issue lies in the very concept of a well-defined ’training data
set distribution’ being representative of the dynamic and complex real world.

As|Marcus| [[1998]] observed in 1998, empirical evidence shows that neural networks often falter on
out-of-distribution data, leading to unreliable or even harmful outputs [Marcus} [1998]]. This isn’t
merely a failure to generalize beyond the training data-set, it underscores a fundamental problem. The
‘real world’ where LLMs operate is rarely as neatly categorized as a static training distribution might
suggest. Human language and the world it reflects are inherently messy, with users and situations
frequently existing in the ‘margins’ or as ‘edge cases’ that don’t perfectly align with the training
data. Consequently, the performance of FFNNs in these seemingly ‘edge’ scenarios becomes a
crucial consideration, highlighting a significant gap between theoretical capabilities within controlled
distributions and the unpredictable nature of real-world applications.

This limitation extends directly to modern Large Language Models (LLMs), which are, at their
core, massively scaled-up versions of FFNNs trained using sophisticated forms of back-propagation
[Rumelhart et al.,|1985]]. As such, they are vulnerable to the same generalization problems. We see
this in practice through empirical evidence that LLMs frequently exhibit representational biases and
produce context-insensitive or inappropriate outputs, a problem extensively documented in recent
work [Navigli et al.|[2023]]. A notable example of political bias in Large Language Models (LLMs)
was documented in a study published in the Journal of Economic Behavior and Organization in
early 2025. The research confirmed a left-leaning bias in ChatGPT, noting its tendency to produce
content aligned with left-wing values and occasional restrictions on right-leaning themes [Motoki
et al.,[2025].

If LLMs in practice rely on complex rules to apply knowledge to new contexts, rules which often
fail to generalize appropriately in practice, then continuing to build systems that depend on such
generalization is ethically and functionally problematic. Illustrative of the inherent limitations
of relying on abstract generalizations in Large Language Models (LLMs) is their propensity to
replicate harmful societal biases across critical domains. Despite aspirations of neutrality, these
models frequently reflect and amplify prejudices present in their training data and human feedback
mechanisms, yielding tangible real-world consequences. To illustrate the breadth and systemic nature
of this issue, consider the following examples across mental health, gender, and social services.

In the realm of mental health, research has shown therapy chatbots exhibiting discriminatory responses
based on users’ conditions, perpetuating harmful stigmas [[Harrison Dupré| 2025]. Regarding gender,
LLMs have been found to generate narratives that reinforce traditional stereotypes in storytelling,
demonstrating a clear gender bias in creative outputs [UCL, |2024f]. Furthermore, in the context
of social services, attempts to implement Al for fairer benefit assessments have resulted in the
reproduction of existing human biases, highlighting the challenge of achieving equitable outcomes
through purely algorithmic means [|Guo et al., [2024]).

These instances demonstrate how LLMs, despite their technical sophistication, can inadvertently
entrench societal inequities in care-relevant applications. This bias is not solely a product of flawed
training data but also arises from the subjective values embedded in human and even Al feedback
during alignment processes. Consequently, relying on dominant moral frameworks that prioritize
abstract utility or generalized fairness proves inadequate for addressing these nuanced biases. The
Ethics of Care, with its focus on attentiveness to individual needs and relational context, offers
a crucial alternative for mitigating the harms of generalization and fostering more equitable and
sensitive Al systems. The issue is not that these models operate on "simple” or “complicated”
rules, but rather that their internal logic frequently fails to track the particularities that matter in
real-world contexts, no matter how intricate it is. Instead, we should aim for systems that are attuned
to the particularities of individuals and their contexts of LLM usage, rather than imposing broad
generalizations that may misrepresent, exclude, or even harm them.

The Ethics of Care (EoC) explicitly promotes this kind of sensitivity to individual circumstances
as a core ethical principle. Care theorists emphasize relationality, context, and attentiveness to
vulnerability and dependence, which directly contrasts with the detached and abstract logic of
generalizing systems. Re-thinking the training and design of LLMs through the lens of EoC would
entail prioritizing individual and contextual particularities rather than optimizing for statistical



generalization. This shift could help mitigate the harmful consequences of misapplied generalizations
and align Al systems more closely with the nuanced moral demands of human interaction.

An argument from the Shortcomings of Current Normative Commitments of VA methods
in Care-Related Contexts Current Value Alignment (VA) methods, particularly Reinforcement
Learning from Human Feedback (RLHF) and its more recent variant Reinforcement Learning from
Al Feedback (RLAIF), are grounded in specific normative frameworks, primarily utilitarianism and
justice-based theories such as Contractualism and Rawlsian justice. These approaches optimize
behaviour either by aggregating human preferences (in RLHF), or by aligning model outputs with
predefined fairness metrics or constitutional principles (in RLAIF), thus reflecting a commitment to
maximizing overall utility or ensuring procedural fairness [Solal, 2023]]. These moral commitments,
however, are not value-neutral. Utilitarianism assumes that a morally right action is the one that
maximizes utility, often measured as human satisfaction or preference fulfillment. Justice-based
theories, such as the theory of justice [Rawls| [1971]] or broader forms of Contractualism, prioritize
fairness and equality through rules or distributions, aiming for consistency and impartiality. Yet,
these normative theories exhibit important limitations when applied to Al systems operating in care-
relevant contexts. Utilitarian approaches may justify sacrificing individual well-being for the sake of
aggregated good, which is ethically troubling in contexts such as mental health or healthcare, where
individual vulnerability and situational complexity demand more than mere utility maximization
[Sola, [2023]. Likewise, justice-based approaches may overemphasize principles such as truthfulness
or impartiality, and fail to account for the emotional, relational, and context-sensitive needs of
individuals in morally complex or care-relevant situations [|Gilligan, |1993]].

Fundamentally, RLHF and RLAIF are built to maximize a reward signal, a proxy for desirable
behaviour based on human or Al feedback. This feedback often embodies utilitarian assumptions:
that optimizing the aggregate of preference scores leads to morally appropriate outcomes. But this
moral calculus does not reflect how humans actually make ethical decisions. Research in moral
psychology, particularly by [Gilligan, {1993, has shown that moral reasoning is not purely abstract or
rule-based but is often relational and context-sensitive. Humans consider the specific effects of their
actions on others, not just whether a rule was followed or a utility score maximized. This disconnect
becomes especially critical as LLM-based systems are increasingly deployed in domains where care,
empathy, and responsiveness are central. Examples include healthcare, education, eldercare, and
mental health support, these fields in which the needs of individuals are unique, emotionally laden,
and highly context-dependent [Beauchampl [2006]]. In such settings, the current VA frameworks,
grounded in rule-following and aggregation, prove inadequate.

Claims of adherence to deontological ethical frameworks are common in the contemporary discourse
on value alignment (VA) of Large Language Models (LLMs). A notable instance is Anthropic’s
Constitutional Al, which explicitly adopts a deontological or contractual approach. At its core is
a detailed “constitution,” a set of rules inspired by documents like the Universal Declaration of
Human Rights and professional ethical codes [Sanwal, [2025]]. This “constitution” is designed to
promote three deontic commitments: harmlessness, helpfulness, and honesty, often referred to as
the three H’s [Sanwal, |2025]]. On the surface, this suggests a clear ethical orientation grounded in
deontological or contractual reasoning. However, the implementation of this model reveals a different
logic. After a supervised fine-tuning phase in which the model critiques its own responses using
the constitution as a reference, the training process transitions to reinforcement learning. At this
stage, an Al preference model trained to align with the constitution provides reward signals, and the
system is optimized to maximize these signals [Bai et al.| |2022]. In practice, while the constitution
declares a duty-based moral stance, “do no harm,” “be helpful,” “be honest”, the underlying alignment
mechanism remains reward-driven: responses are ultimately chosen based on which maximizes the
preference-model’s score [Bai et al.||2022]]. Thus, Anthropic’s framework presents a deontological
front, but its mechanics operate on utilitarian principles. This reliance on singular deontological
frameworks, or their utilitarian operationalization, exhibits inherent limitations when confronted with
the complex, emotionally salient, and relationally embedded contexts in which LLLMs are increasingly
deployed, particularly within care-sensitive domains such as mental health, education, and social
services. Abstract, generalized principles, or the pursuit of aggregated preference maximization, often
fail to adequately address the specific vulnerabilities, individual needs, and contextual particularities
inherent in these domains. The ethics of care (EoC) offers a corrective to these limitations. Instead
of prioritizing universal rules or aggregate utility, EoC foregrounds attentiveness to particularities,
responsiveness to vulnerabilities, and the understanding that moral reasoning is often iteratively



constructed within relationships. Integrating the principles of EoC into the VA pipeline, whether
through mechanisms that modify Reinforcement Learning from Human Feedback (RLHF), Rein-
forcement Learning from AI Feedback (RLAIF), or constitutional frameworks, has the potential
to yield more comprehensive and desirable behaviours from LL.Ms. What might this look like in
practice? Incorporating care ethics into RLHF or RLAIF could involve modifying how feedback is
interpreted and how behaviour is reinforced, moving away from generic reward maximization and
toward recognition of individual and contextual moral significance. For example, in the training
of an Al mental health chatbot, standard RLHF might reward responses that align with broadly
preferred traits like honesty or politeness. However, a care ethics-informed chatbot would go further
by weighing feedback according to the user’s current unique emotional state, relational cues, and
expressed needs. A distressed user expressing suicidal thoughts might receive an Al response that
prioritizes empathy, the user’s safety, and relational responsibility over truthfulness. Rather than
reinforcing a response simply because it is rated highly in general by annotators, the model would be
trained to identify morally salient features such as signs of vulnerability, dependency, or self-harm
in this particular interaction and then be allowed to adjust its behaviour accordingly. As current
VA methods remain systematically limited by their reliance on abstraction and generalization, care
ethics offers a complementary framework. It helps fill the moral gaps left by traditional theories and
provides more appropriate guidance for Al systems operating in human-centric and care-sensitive
environments [Maio} 2018]]. Thus, the case of Constitutional Al highlights the inadequacy of purely
abstract approaches to the value alignment problem. As we have seen, although in principle, An-
thropic adopted a deontological approach to value alignment, the technical implementation could only
be utilitarian. Therefore, we argue that it is necessary to develop a value alignment method tailored to
care-relevant domains and contexts inspired by the ethics of care. When it comes to the technical
implementation of this VA method, current methods such as RLHF and RLAIF can be modified
to incorporate care-based principles. However, the comprehensive elaboration of the full technical
methodology is beyond the scope of this paper. More research still needs to be done. In this paper,
we have argued that the development of Al systems genuinely aligned with human values, especially
within contexts involving human vulnerabilities, necessitates the adoption of ethical frameworks such
as care ethics, which are deeply rooted in the moral realities of lived experiences.

3 Conclusion

Integrating the ethics of care into the development of LLMs and value alignment processes offers a
promising path forward that addresses the failures of generalization and the limitations of prevailing
normative frameworks. A care-based VA approach would train systems not merely to be reward-
sensitive, but to be morally attentive, i.e. responsive to the emotional, social, and contextual needs
of users. Rather than optimizing for abstract utility or procedural fairness, care ethics would guide
alignment processes like RLAIF to consider the specific relational context and potential harms
to vulnerable individuals and communities. It would also inform the work of human labelers,
encouraging them to reflect not only on individual preferences, but on the broader relational impacts
of Al responses, especially for marginalized or care-dependent populations. Constitutionally, care
ethics could provide a richer moral foundation by promoting the well-being of both caregivers
and care-receivers within interdependent social networks. By embedding this moral orientation,
LLM’s chatbots would be more likely to resist sycophantic behaviour, minimize hallucinations,
and engage users with a deeper sense of responsibility and trust. By offering a context-sensitive
and relationally grounded framework, care ethics better reflects how people actually want to be
treated in morally significant interactions with AI. While the Ethics of Care (EoC) offers a promising
alternative to dominant value alignment (VA) frameworks, integrating it into the development of
large language models (LLMs) poses several challenges. EoC’s emphasis on contextual-relational
reasoning resists formalization, making it difficult to operationalize within current machine learning
architectures that rely on abstraction and generalization. Unlike rule-based or utilitarian models, care
ethics does not offer easily codifiable principles, which complicates its translation into algorithmic
procedures. Also, implementing EoC requires LLMs to recognize and respond to complex emotional
and social cues, a capacity that remains technically underdeveloped. Current models lack genuine
understanding of vulnerability, dependency, and relational dynamics, raising concerns about their
ability to meaningfully provide care-based reasoning. These limitations highlight the need for more
research and the importance of interdisciplinary collaborations between researchers and cautious
implementation strategies when considering care ethics in Al design.
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